A novel method for estimating team tactics in soccer videos based on a Deep Extreme Learning Machine (DELM) and unique characteristics of tactics is presented in this paper. The proposed method estimates the tactics of each team from players' formations and enables successful training from a limited amount of training data. Specifically, the estimation of tactics consists of two stages. First, by utilizing two DELMs corresponding to the two teams, the proposed method estimates the provisional tactics of each team. Second, the proposed method updates the team tactics based on unique characteristics of soccer tactics, the relationship between tactics of the two teams and information on ball possession. Consequently, since the proposed method estimates the team tactics that satisfy these characteristics, accurate estimation results can be obtained. In an experiment, the proposed method is applied to actual soccer videos to verify its effectiveness.
In recent years, through digital broadcasting and Hybridcast [1] , users have been able to find and view various multimedia contents. Furthermore, with the increase in the number of sports videos and delivery of the contents related to these videos, it is desirable to provide richer information to users. Due to the popularization of sports video distribution services such as DAZN 1 and improvement in the performance of video content analysis, many sports videos are being viewed and utilized by various audiences and by training staff of professional sports teams [2] [3] [4] .
Many researchers have proposed methods for sports video content analysis [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] . For soccer video analysis, some fundamental methods including player tracking [5] [6] [7] , event detection [8] [9] [10] and video summarization [11] [12] [13] [14] [15] have been proposed. Various new methods for advanced The associate editor coordinating the review of this manuscript and approving it for publication was Mehedi Masud . 1 https://www.dazn.com/ semantic understanding have also been proposed [16] [17] [18] [19] [20] [21] . These methods can provide new semantic information such as movements of players [16] [17] [18] , effective pass courses [19] and team tactics [20] , [21] and they enable viewers to understand soccer videos.
Since player tracking solutions have recently been realized [22] , many soccer clubs and leagues have been using them for game analysis. For example, TRACAB image tracking system 2 is used in the FIFA World Cup and used by professional leagues in Spain, Japan, and other countries [23] . It has become feasible to easily use the tracking data of players and the ball for realizing the above applications.
Soccer tactics are divided into the following three main classes: team tactics, group tactics and individual tactics [24] . Team tactics are defined as actions of the whole team and are thus very important in soccer games. Furthermore, team tactics are categorized into five groups as shown in Table 1 . [20] .
Since the team tactics change depending on situations in soccer games, their estimation from soccer videos can provide important information about the game situation. Therefore, accurate estimation of soccer tactics is important for realizing semantic analysis of soccer videos. Therefore, it is expected that team tactics in soccer games can be estimated by utilizing the players' formation, which is determined from the players' positions and their movements.
Several methods for estimating team tactics have been proposed [20] , [21] . These methods try to perform the estimation based on traditional machine learning [25] and clustering approaches [26] . With the development of deep learning technologies, it is expected that the performance of tactics estimation can be improved by introducing these technologies. However, there are the following two remaining problems.
Problem 1: Deep learning-based methods require a large number of training samples. However, there are many conditions in soccer games such as target teams, target stadiums, etc. It is difficult to prepare sufficient training samples for each condition.
Problem 2: Generally, the team tactics of the two teams in a soccer game have a strong relationship as shown in Table 2 . However, since existing methods estimate the team tactics of each team independently, the estimation results for the two teams do not always satisfy this relationship. In addition, ball possession is also strongly related to team tactics, and information on ball possession should be introduced into the tactics estimation. Therefore, it is necessary to construct a new framework for estimating team tactics to solve the above problems. A new method for team tactics estimation based on a Deep Extreme Learning Machine (DELM) [27] and unique characteristics of team tactics in soccer games is presented in this paper. The proposed method consists of the following two stages.
1) Provisional tactics estimation based on DELM 2) Update of team tactics based on the characteristics of team tactics in soccer games
In the first stage, the proposed method estimates the provisional tactics of the two teams based on two DELMs, which are deep learning methods [28] which enables training of classifiers from limited numbers of training samples, and this provides a solution to Problem 1. We construct DELMbased classifiers using the formation features obtained from players' positions, which are provided by the TRACAB image tracking system, and their movements. In the second stage, the proposed method updates the estimation results of team tactics. Specifically, the combination of team tactics is decided on the basis of the relationship between the tactics of the two teams shown in Table 2 . Finally, our method estimates the final team tactics from changes in the game situation, which is based on ball possession. The second stage provides a solution to Problem 2. Consequently, our new framework contributes to improvement in tactics estimation. Consequently, since the proposed method solves the remaining problems of the existing method, successful team tactics estimation can be expected.
It should be noted that ''Set piece'' shown in Table 1 , one of the team tactics, which can be also regarded as an event follows the whistle after stopping the ball. It has been reported that methods for whistle sound detection [29] and ball tracking [30] realize highly accurate detection of scenes of ''Set piece''. Therefore, since ''Set piece'' can be separately detected by the existing methods, we focus on the estimation of four team tactics, ''Retreat'', ''Fore check'', ''Possession'' and ''Swift attack'', in this paper. This paper is organized as follows. Preprocessing of our method and extraction of formation features are presented in Section II. The proposed method is presented in Section III. An overview of the preprocessing and the proposed method is shown in Fig. 1 . Experimental results for verifying the effectiveness of the proposed method are shown in Section IV. Finally, concluding remarks are presented in Section V.
II. PREPROCESSING: EXTRACTION OF FORMATION FEATURES FROM SOCCER VIDEOS
In this section, we explain the extraction of formation features, for which an overview is shown in Table 3 . Generally, the team tactics used in soccer games are characterized by the distribution of players on the soccer field and behaviors of individual players. The formation features include ''group behavior features'' and ''individual behavior features'', corresponding to the distribution of players on the soccer field and behaviors of individual players, respectively.
A. GROUP BEHAVIOR FEATURES
To obtain group behavior features, we focus on distances between players and their distribution except for the goalkeeper on the soccer field. Since these features depend on the team tactics, it is possible to characterize the team tactics used in soccer games. For example, each of the tactics has FIGURE 1. Overview of the preprocessing and the proposed method. As preprocessing, feature extraction is performed (Section II). The proposed method (Section III) consists of two stages. The first stage is provisional tactics estimation based on the DELM (III-A). The second stage is update of team tactics based on the relationship between tactics of the two teams and ball possession (III-B). a different distribution of player positions in the field, and the positions of offensive and defensive players are close. Thus, the distances between players and their distribution are effective for estimating the team tactics.
In our method, we calculate the following three kinds of group behavior features: ''distances between players, their mean and variance u dist '', ''the mean of variation of distances between players u vdist '', and ''the number of players in each area on the soccer field u area ''. These features are defined as follows:
In Eq. (1), dist(·) is the distance between two players except for the goalkeeper, with the total number of player combinations being 45 ( 10 C 2 = 45), and mean(·) and var(·) indicate their mean and variance, respectively. Furthermore, mv is the mean of variation of distances between players, and area(m) (m = 1, 2, . . . , 15) is the number of players in the divided soccer field. In this paper, the soccer field is equally divided into 15 areas as shown in Fig. 2 . Finally, we can obtain D 1 (= 47 + 1 + 15)-dimensional group behavior features.
B. INDIVIDUAL BEHAVIOR FEATURES
We use directions of players' movements, velocities and accelerations except those of the goalkeepers as individual behavior features. These features are closely related to the team tactics. For example, the directions of players' movements in defense are different from those in offence. Furthermore, in ''Fore check,'' players often defend with rapid movements. On the other hand, in ''Retreat,'' players defend at a steady velocity. Thus, directions of players' movements, velocities and accelerations are effective for estimating team tactics. In our method, the following three kinds of features are calculated for individual behavior features: ''all directions of players' movements, their mean and variance u mov '', ''all players' velocities, their mean and variance u vel '' and ''all players' accelerations, their mean and variance u acc ''. These features are defined as follows:
var(mov x ), mov y (1), mov y (2), . . . , mov y (10),
u acc = [acc(1), acc (2), . . . , acc (10), mean(acc), var(acc)] T .
Note that
mov
where p indicates a player (p = 1, 2, . . . , 10;10 being the total number of players except for the goalkeeper), (pos x (·), pos y (·)) are horizontal and vertical positions of each player, and (pos −1 x (·), pos −1 y (·)) are those in the previous time. In Eqs. (7) and (8), mov x (·) and mov y (·) are directions of players' movements, and vel(·) and acc(·) indicate players' velocities and accelerations, respectively, where vel −1 (·) is the corresponding velocity in the previous time. Finally, we can obtain D 2 (= 24 + 12 + 12)-dimensional individual behavior features.
III. PROPOSED METHOD FOR ESTIMATION OF TEAM TACTICS
As shown in the previous section, we obtain formation feature vectors x i,j ∈ R D 1 +D 2 (i = 1, 2, . . . , N ; j ∈ {teamA, teamB}) in each team, where N is the total number of frames in soccer videos. Note that x i,j is a vector concatenating ''group behavior features'' and ''individual behavior features''.
In this section, we explain our method for estimation of team tactics. The right side of Fig. 1 gives an overview of the proposed method. The proposed method consists of the following two stages.
A) Provisional tactics estimation based on a DELM The proposed method estimates the team tactics of each team based on a DELM by using the formation features in soccer videos.
B) Update of estimated results of team tactics The estimation results for team tactics are updated by considering the characteristics of tactics.
The details of these two stages are shown in the following subsections.
A. FIRST STAGE: DELM-BASED ESTIMATION OF PROVISIONAL TACTICS
In this subsection, the DELM-based method for estimation of provisional team tactics for each team is presented.
In recent years, methods based on a convolutional neural network (CNN) [32] , [33] , which is one of the deep learning techniques, have achieved more accurate recognition than that achieved by traditional machine learning-based recognition methods [25] , [34] . By introducing deep learning-based methods for tactics estimation, performance improvement is expected. However, most deep learning methods including CNNs have enormous parameters to be optimized and need many training data and large computation costs. On the other hand, ELM-based methods can perform training from fewer training samples with lower computation costs [35] . Since it is difficult to prepare a large number of training samples for each condition such as each team and each stadium, the proposed method adopts a DELM for estimating the provisional team tactics for each team from the extracted formation features described in Section II. Figure 3 shows a model structure of the DELM. The DELM consists of one input layer, K hidden layers, and one output layer, i.e., the number of layers in DELM is K + 2.
In the training of the DELM, a weight matrix is sequentially calculated between the (k − 1)-th layer and k-th layer. Specifically, (I) In the case of k = 1, 2, . . . , K , the weight matrix α k j (k = 1, 2, . . . , K ; j ∈ teamA, teamB) is calculated by utilizing ELM-Auto Encoder (ELM-AE), which is an unsupervised learning method, in each hidden layer. (II) In the case of k = K + 1, the weight matrix α K +1 j (j ∈ teamA, teamB) is calculated in the same manner as ELM, which is a supervised learning method [28] . In the rest of this section, training of the DELM, i.e., calculation of the weight matrix is explained.
(I) In the case of k = 1, 2, . . . , K The relationship between the k-th hidden layer's output H k j = [h k 1,j , h k 2,j , . . . , h k N ,j ] T ∈ R N ×L k and the (k − 1)-th hidden layer's output H k−1 j ∈ R N ×L k−1 can be obtained as follows:
where α k j ∈ R L k ×L k−1 is the weight matrix between the (k-1)-th and k-th hidden layers, and g(·) is the activation function. Note that L k is the number of nodes in the k-th hidden layer. The input layer is expressed by k − 1 = 0, and H 0 j consists of the obtained feature vectors x i,j described in the previous subsection. In order to calculate the weight matrix α k j , the proposed method generates ELM-AE in each layer. Given an input vector h k−1 i,j , the outputs w k i,j of the hidden layer in ELM-AE can be obtained as
where the output weight matrix α k j is calculated by the following two patterns.
(I-A) In the case of L k = L k−1 The output weight matrix α k j is obtained as follows:
where KL(ρ ρ l k ) is the KL divergence, ρ is a parameter of activation (ρ = 0.05),ρ l k is the average activation of each hidden layer's node l k of ELM-AE, I is the identity matrix, and C 1 is a regularization parameter.
(I-B) In the case of L k = L k−1 In this case, the output weight matrix α k j is obtained by solving the following orthogonal procrustes problem:
where · F is the Frobenius norm. Specifically, by solving Eq. (15) based on the following equation via singular value decomposition based on [36] , α k j can be obtained.
where U ∈ R L k ×L k and V ∈ R L k−1 ×L k−1 are orthogonal matrices, ∈ R L k ×L k−1 is a singular value matrix, and (α k j ) T α k j = I. Consequently, in the proposed method, each layer's output weight matrix α k j is obtained. (II) In the case of k = K + 1 The output weight matrix α k j between the K -th hidden layer and the output layer is calculated by ELM-based supervised learning. Specifically, α k j can be obtained as
where T j = [t j,1 , t j,2 , . . . , t j,N ] ∈ R S×N , t j,n = [t i,j,1 , t i,j,2 , . . . , t i,j,S ] T includes training labels, and C 2 is a regularization parameter. If a true class label of h k i,j is s (s = 1, 2, . . . , S), t i,j,s = 1, where S(= 4) is the number of team tactics. On the other hand, the other elements are zeros.
In this way, we can perform training of the DELM-based classifiers. In the test phase, by inputting new formation feature vectors x i,j to the above DELM, output values v Ret i,j , v FC i,j , v Poss i,j , v Sw i,j corresponding to each of the tactics from the output layer of the DELM are obtained.
B. SECOND STAGE: UPDATE OF TEAM TACTICS CONSIDERING THE CHARACTERISTICS OF TACTICS
In this subsection, we explain the update of team tactics considering the characteristics of tactics in soccer games. The proposed method tries to update the team tactics more accurately by applying two procedures to the results obtained in III-A. Specifically, these procedures are 1) estimation of the combination of team tactics based on the relationship between tactics of the two teams and 2) update of team tactics from changes in the game situation based on ball possession. In the first procedure, since the relationship between team tactics of the two teams is limited to the eight patterns, as shown in Table 2 , it is possible to prevent the occurrence of a failure case, e.g., a case in which the tactics of both teams become defensive. In the second procedure, it is possible to accurately determine temporal changes in team tactics since temporal changes in the game situation can be found from ball possession data. In the rest of this subsection, we show the details of these two procedures.
1) Estimation of combination of team tactics based on the relationship between tactics of the two teams
We show how to estimate the combination of team tactics based on the relationship between tactics of the two teams. 
In the proposed method, voting is performed for the results of the combination of team tactics to correct its instantaneous error. Specifically, voting is performed for the estimation results in Eq. (17) for M frames before and after the target frame. Consequently, the proposed method obtains the estimation results based on the relationship between tactics of the two teams according to Table 2 .
2) Update of team tactics from changes in the game situation based on ball possession
We estimate points in the team tactics that have changed based on ball possession and correct the estimation results by using these points that have changed. The method for correcting estimation results based on ball possession is shown in Fig. 4 . First, we calculate the ball possession Ball l of target frame l by using the ball and players' position data, where Ball l represents the degree of ball possession for one team. Next, we regard frame l of the point that has changed when the ball retention rate exceeds or falls below zero. Finally, the proposed method obtains the estimation results by correcting team tactics of the neighboring frames based on the point in the team tactics that has changed. The calculation of Ball l is described in detail below.
Ball l is calculated on the basis of ball possession in each target frame. A player that has the ball satisfies the following four conditions. 
Condition 1:
The player with the ball is the closest to the ball among all players.
Condition 2:
The distance between the nearest player and the ball is within a fixed distance r[m].
Condition 3:
Note that b l is a vector representing the difference in ball position between the l-th frame and (l + 1)-th frame. Th min , Th max and Th a are thresholds.
Ball l is calculated by using the estimation results for ball retention as follows:
where B l is the ball retention in the frame l . Thus, the estimation of tactics based on the DELM considering the unique characteristics of team tactics in soccer games become feasible by the proposed method.
IV. EXPERIMENTAL RESULTS
In this section, we verify the effectiveness of the proposed method using actual soccer videos. In IV-A, an outline of the experiment is explained. Experimental results are shown in IV-B.
A. EXPERIMENTAL CONDITIONS
Soccer videos and tracking data for players and balls (4,611 seconds, 5 fps) were used in the experiment. Table 4 shows details of the dataset. In the dataset, a target team performed soccer games using Retreat, Fore check, Possession and Swift attack. We conducted the experiment using many more frames of videos than those used in other methods such as [9] , [18] . The ground truth of the team tactics was determined by subjects who had ten years of experience as soccer players.
We used a five-fold cross-validation for model evaluation. 
In order to confirm the effectiveness of the proposed method, the following methods were adopted for comparative methods (Comp. 1 -Comp. 10).
• Comp. 1 is a baseline method and our recently reported method [20] based on Multiple Kernel Fuzzy C-Means (MKFC) [26] using formation features.
• Comp. 2 is a baseline method and our recently reported method [21] based on Decision Level Fusion [37] . Specifically, Comp. 2 estimates team tactics based on a Support Vector Machine (SVM) [25] using both formation features and audio-visual features.
• Comp. 3 is an estimation method in which the MKFC of Comp. 1 is replaced by Random Forest [38] .
• Comp. 4 is an estimation method in which the MKFC of Comp. 1 is replaced by K-Nearest Neighbor algorithm (K-NN) [39] • Comp. 5 applies the same framework as that of the proposed approach to different features. Specifically, the formation features of the proposed method are replaced by the players' positions.
• Comp. 6 is an estimation method in which the DELM of the proposed method is replaced by SVM.
• Comp. 7 is an estimation method in which the DELM of the proposed method is replaced by ELM [28] like Comp. 5.
• Comp. 8 is an estimation method including the first stage of the proposed method without applying the second stage of the proposed method.
• Comp. 9 estimates team tactics based on a fine-tuned VGG16 model [40] , which is one of the benchmarking CNN-based approaches.
• Comp. 10 is a method for estimation of team tactics based on the fine-tuned InceptionV3 model [41] , which is also one of the CNN-based approaches. The validity of these comparative methods is described as follows.
Proposed method vs Comp. 1 and Comp. 2 We verify that the proposed method is more effective than the baseline method.
Proposed method vs Comp. 3 and Comp. 4 We verify that the proposed method is more effective than traditional machine learning-based methods.
Proposed method vs Comp. 5 We verify the effectiveness of the use of formation features. Proposed method vs Comp. 6 and Comp. 7 We verify the effectiveness of the use of a DELM in the first stage.
Proposed method vs Comp. 8 We verify the effectiveness of the use of the second stage. Proposed method vs Comp. 9 and Comp. 10 We verify that the proposed method is more effective than general CNN-based methods.
Details of the parameters used in the proposed method are shown in Table 5 . The parameters in each method were determined in such a way that the performance of each method was the highest. In Comp. 9 and Comp. 10, to make fair comparison, we used the Tensorflow [42] implementation and download the VGG16 model and InceptionV3 model. The training was conducted at a maximum of 50 epochs until the error was at least 0.2. Finally, the best network was selected based on performance measured through the accuracy of the validation dataset. 
B. PERFORMANCE EVALUATION
Recall, Precision and F-measure of all methods are shown in Table 6 . From this table, it is confirmed that the proposed method outperforms the comparative methods. Specifically, our method outperforms the baseline and traditional machine learning-based methods (Comp. 1 -Comp. 4). Next, by comparing the results of the proposed method with those of Comp. 5, the effectiveness of formation features is confirmed. Furthermore, by comparing the results of the proposed method with those of Comp. 6 and Comp. 7, the effectiveness of the use of a DELM in the first stage can be confirmed. Moreover, since the performance of the proposed method is higher than that of Comp. 8, it is confirmed that the introduction of the second stage is effective. Finally, by comparing the results of the proposed method with those of Comp. 9 and Comp. 10, it is confirmed that our method is superior to other deep learning methods including very deep networks. The results indicate that a CNN is not suitable for a small amount of training samples. Therefore, the proposed method solves Problem 1. In addition, it has been reported in [27] that a DELM provides better performance than that of an SVM, and the same tendency was confirmed in the experiment.
Some of the estimation results of the proposed method and the comparative methods are shown in Fig. 5 . From the results obtained, we can confirm that the proposed method achieves the most accurate estimation, the results being most similar TABLE 7. Confusion matrix obtained from the estimation results before performing calculation of the optimal combination of team tactics (second stage) in the proposed method. These results correspond to those of Comp. 8. Gt represents the ground truth.
to the ground truth. Specifically, Comp. 8 estimates the same tactics in the two teams, whereas the proposed method estimates the tactics in the two teams without contradiction. From the above, the estimation performance can be improved by using the relationship between team tactics of the two teams. Furthermore, confusion matrices for estimation results of the proposed method and Comp. 8 are shown in Tables 7 and 8 . From these tables, we can see that introduction of the second stage can improve the estimation performance. Specifically, it becomes possible to estimate ''Retreat'' and ''Possession'' correctly. Generally, these team tactics are similar formations. The proposed method correctly updates the estimation results of these team tactics by utilizing ball possession. In this way, the proposed method solves Problem 2. Therefore, FIGURE 5. Results of tactics estimation obtained by the proposed method and the comparative methods. TABLE 8. Confusion matrix obtained from the estimation results after performing calculation of the optimal combination of team tactics (second stage) in the proposed method. These results correspond to those of our method. Gt represents the ground truth.
the novelties of the proposed method strongly contribute to the successful estimation of team tactics.
V. CONCLUSION
A method for estimating team tactics in soccer videos based on a DELM and unique characteristics of tactics is presented in this paper. The proposed method estimates provisional tactics of the two teams based on two DELMs. The final team tactics are estimated on the basis of the relationship between tactics of the two teams and ball possession. The proposed method realizes accurate estimation of team tactics. Experimental results show that the proposed method outperforms comparative methods, and the novel approach in our method contributes to the improvement in performance.
In the future, we will extend our system to other sports applications. Since soccer has more players than other sports and its movement is complicated, our method can be applied to tactics analysis of many sports. For example, it can be applied to tactics analysis of field sports related to players' formation such as basketball, rugby, American football, and ice hockey. Moreover, the proposed method can be applied to the analysis of general group behavior since it is intended to analyze players in each group. Various methods for general group behavior have also been proposed, e.g., detection of suspicious persons in department stores and stations [43] , measurement of human flow at evacuation behavior [44] , and analysis of traffic jams [45] , [46] . By applying our method to the analysis of group behavior, a wide range of possibilities can be expected.
